In this paper, the proposed approach is called the fuzzy interacting multiple model unscented Kalman filter (FUZZY-IMMUKF) [9, 10] . The fuzzy logic reasoning system based on the Takagi-Sugeno (T-S) model. The fuzzy reasoning system is constructed for obtaining suitable process noise according to the time-varying change in dynamics. By monitoring the innovation information, the FLAS is employed for dynamically adjusting the process noise based on the fuzzy rules so as to enhance the estimation accuracy and tracking capability. The example on loosely-coupled GPS/INS integrated navigation processing based on the FUZZY-IMMUKF will be presented. Performance comparison will be demonstrated using the proposed FUZZY-IMMUKF method as compared to the relatively conventional UKF and IMMUKF approaches. 
I. INTRODUCTION II. THE INTERACTING MULTIPLE MODEL BASED ON UNSCENTED KLAMAN FILTER
Kalman filtering has been recognized as one of the most powerful state estimation techniques. The purpose of the Kalman filter is to provide the estimation with minimum error variance. The UKF is a nonlinear version of Kalman filtering, which deals with the case governed by the nonlinear stochastic difference equations:
he GPS and INS have complementary operational characteristics and the synergy of both systems has been widely explored. The GPS/INS integrated navigation system is the adequate solution to provide a navigation system that has superior performance in comparison with either GPS or INS [1, 2] stand-alone system. T An integrated GPS/INS system can be carried out through the unscented Kalman filter (UKF) [4, 6] . Since the process noise and measurement noise are involved in the navigation data processing, the uncertainty of the noise may degrade the performance in the EKF or UKF. An IMMUKF [13] has been proposed for nonlinear system with noise uncertainty. The basic idea is to combine the Multiple Model approach with the UKF approach. Considering the influence of the uncertain environments, multiple models are developed to describe the different environments. In the IMM algorithm, there are a bank of parallel UKFs processing separately at each time instant, leading to the weights of the model probabilities.
where the state vector , process noise vector , measurement vector , and measurement noise vector . In Equation (1), both the vectors and are zero mean Gaussian white sequence having zero crosscorrelation with each other: using a deterministic sampling approach. The state distribution is also approximated by a Gaussian random variable (GRV). [3, 13] algorithm uses model (Markov chain state) probabilities to weight the input and output of a bank of parallel unscented Kalman filters (UKF) at each time instant. The approach which was initiated in takes into account a set of models to represent the system behavior patterns or system model.
The overall estimates is obtained by a combination of the estimates from the filters running in parallel based on the individual models that match the system modes. In each cycle it consists of four major steps: interaction (mixing), filtering, mode probability calculation, and combination. One cycle of IMMUKF can be written as follows:
Step 3. Measurement update 
. Combination of state estimation 2. Model individual filtering
Finally the model-individual estimates and covariances are combined to an overall state and covariance. This step performs an individual filtering for each model; here we give the unscented Kalman filtering as:
Step 1. For state estimation at instant , sigma points are generated according to the following
III. THE PROPOSED FUZZY ADAPTIVE FILTER STRATEGY Figure 1 shows the flow chart of the proposed FUZZY-IMMUKF implementation. The block on the right hand side indicated by the dashed-line is the fuzzy logic adaptive system (FLAS) for determining the value of process noise covariance. The rest represents the FUZZY-IMMUKF loop.
where , and n is the state dimension. The parameter n i ,..., 2 , 1 = λ is used to control the covariance matrix.
Step 2. Time update 
The fuzzy logic adaptive system (FLAS)
A typical fuzzy system consists of three components, that is, fuzzification, fuzzy reasoning (fuzzy inference), and fuzzy defuzzification, as shown in Figure 2 . The fuzzification process converts a crisp input value to a fuzzy value, the fuzzy inference is responsible for drawing calculations from the knowledge base, and the fuzzy defuzzification process converts the fuzzy actions into a crisp action. 
The fuzzy interacting multiple model unscented Kalman filter
The degree of divergence (DOD) parameters for identifying the degree of change in vehicle dynamics need to be defined. Examples for possible approaches are given as follows. The innovation information at the present epoch is employed for timely reflect the change in vehicle dynamics.
The DOD parameter ξ can be defined as the trace of innovation covariance matrix at present epoch (i.e., the window size is one) divided by the number of satellites employed for navigation processing:
Fuzzy modeling is the method of describing the characteristics of a system using fuzzy inference rules. In this paper, a Takagi-Sugeno (T-S) fuzzy system is used to detect the divergence of EKF and adapt the filter. Takagi and Sugeno proposed a fuzzy modeling approach to model nonlinear systems. The output is the weighted average of the :
where the weights are computer as where , is the number of measurements (number of satellites). Furthermore, the averaged magnitude of innovation at the present epoch can also be used:
In the FLAS, the DOD parameters are employed as the inputs for the fuzzy inference engines. By monitoring the DOD parameters, the FLAS is able to on-line determine better lower and upper bounds of the process noise covariance according to the innovation information, and therefore improves the estimation performance.
IV. NAVIGATION INTEGRATION PROCESSING AND PERFORMANCE EVALUATION
Simulation experiments have been carried out to evaluate the performance of the proposed approach in comparison with the conventional methods for GPS/INS [5, 10, 12] integrated navigation system processing. The loosely-coupled configuration is employed for demonstration. The commercial software Satellite Navigation (SATNAV) Toolbox by GPSoft LLC was employed for generating the satellite positions and pseudoranges. The satellite constellation was simulated and the error sources corrupting GPS measurements include ionospheric delay, tropospheric delay, receiver noise and multipath. Assume that the differential GPS mode is used and most of the errors can be corrected, but the multipath and receiver thermal noise cannot be eliminated. Figure 3 shows the architecture of the loosely-coupled GPS/INS integrated navigation processing based on the FLAS-coupled IMMUKF mechanism. The measurement is the residual between GPS position and INS predicted position, which is used as the measurement of the UKF.
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FLAS-2 Model probability update Figure 3 . Integrated navigation processing using the FUZZY-IMMUKF.
The differential equations describing the two-dimensional inertial navigation state are: Figures 6-9 provide the navigation results using the UKF, IMMUKF and FUZZY-IMMUKF approaches. The proposed FUZZY-IMMUKF employs the FLAS for automatically adjusting the lower and upper bounds of . It can be seen that substantial estimation accuracy improvement is obtained by using the proposed technique. Furthermore, the mode probability of the proposed FUZZY-IMMUKF is depicted in Figure 9 . The membership functions (MFs) of input fuzzy variable DOD parameters as shown in Figure 5 are triangle MFs. The presented FLAS is the If-Then form and consists of 9 rules. Some of the remarks are given as follows.
(1) In the five time intervals, 0-153, 252-303, 502-553 and 652-1000s, the vehicle is not maneuvering and is conducting CV straight-line motion. For this case, all the UKF, IMMUKF and FUZZY-IMMUKF provide equivalently good results. The navigation accuracies based on the four approaches have relatively small difference. By use of the T-S fuzzy logic, the FLAS senses smaller values of DOD parameters, and then reduces process noise covariance. With small process noise covariance, the IMMUKF and FUZZY-IMMUKF deteriorate to the UKF. As a result, the navigation accuracies based on the UKF, IMMUKF and FUZZY-IMMUKF are equivalent.
(2) In the five time intervals, 154-251, 304-501 and 554-651s, the vehicle is maneuvering. The mismatch of the model to larger navigation error while the FLAS timely detects the increase of DOD parameter, and give a large process noise covariance as to maintain good estimation accuracy. It has been verified that, by monitoring the innovation information, the FUZZY-IMMUKF has good capability to detect the change in vehicle dynamics and adjust the process noise covariance for preventing the divergence and having better navigation accuracy. 
V. CONCLUSION
The conventional unscented Kalman filter does not present the capability to monitor the change of parameters due to changes in vehicle dynamics. An interacting multiple-model based method is suggested to improve the unscented Kalman filter for navigation data fusion. The resulting IMMUKF ensures better description on the vehicle dynamics and exhibits superior navigation accuracy when compared with classical UKF algorithm. This paper has presented a fuzzy interacting multiple model unscented Kalman filter (FUZZY-IMMUKF) for GPS/INS navigation processing to prevent the divergence problem in high dynamic environments.
The fuzzy system is employed for dynamically adjusting the lower and upper bounds of the process noise covariance, which will be used in each of the parallel filters in the IMM architecture by monitoring the innovation information so as to provide further improvement in estimation accuracy. Through the proposed approach, lower order of filter model can be utilized and, therefore, less computational effort will be sufficient without compromising estimation accuracy significantly. When a designer does not have sufficient information to develop the complete filter models or when the filter parameters are slowly changing with time, the fuzzy system can be employed to enhance the IMMUKF performance. Performance comparisons on UKF, IMMUKF and FUZZY-IMMUKF have been conducted and the proposed FUZZY-IMMUKF algorithm has demonstrated very promising results in both navigational accuracy and tracking capability.
